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Computational characterization of the selective
inhibition of human norepinephrine and serotonin
transporters by an escitalopram scaﬀold†
Guoxun Zheng, ab Fengyuan Yang,ab Tingting Fu,ab Gao Tu,ab Yuzong Chen,c
Xiaojun Yao,d Weiwei Xue *b and Feng Zhu *ab
Human norepinephrine and serotonin transporters (hNET and hSERT) are closely related monoamine
transporters (MATs) that regulate neurotransmitter signaling in neurons and are primary targets for a
wide range of therapeutic drugs used in the treatment of mood disorders. The subtle modifications of
an escitalopram scaﬀold exhibit distinct selective inhibition profiles of hNET and hSERT. However, the
structural details of escitalopram scaﬀold binding to hSERT and (or) hNET are poorly understood and still
remain a great challenge. In this work, on the basis of more recently solved X-ray crystallographic
structure of hSERT in complex with escitalopram, 3 ms long all-atom MD simulations and binding free
energy calculations via MM/GB(PB)SA, thermodynamic integration (TI) and MM/3D-RISM methods were
performed to reproduce experimental free energies. And both MM/GBSA and TI have a high correlation
coeﬃcient (R2 = 0.95 and 0.96, respectively) between the relative binding free energies of the calculated
and experimental values. Furthermore, MM/GBSA per-residue energy decomposition, molecular
interaction fingerprints and thermodynamics–structure relationship analysis were employed to investigate
and characterize the selectivity of the escitalopram scaffold with three modifications (escitalopram,
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ligand10 and talopram) to hNET and hSERT. As a result, 4 warm spots (A73, Y151, A477 and I481) in hNET
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effect on the selective inhibition of hNET and hSERT by the studied ligands. These simulation results

and 4 warm spots (A96, A173, T439 and L443) in hSERT were thus discovered to exert a pronounced
would provide great insight into the design of inhibitors with the desired selectivity to hNET and hSERT,
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thus further promoting the research of more efficacious antidepressants.

Introduction
The design of small molecules with the appropriate selective
inhibitory mechanism to desired targets is a continual challenge
in drug discovery, especially for proteins from the same family,
such as G protein-coupled receptors (GPCRs), kinases, membrane
channels and transporters.1–3 Human norepinephrine and
serotonin transporters (hNET and hSERT) are closely related
monoamine transporters (MATs) regulating the reuptake of
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norepinephrine (NE) or 5-hydroxytryptamine (5-HT) from the
extracellular space into the neuron.4–7 They are primary therapeutic targets for a wide range of drugs used for treating
mental disorders caused by the imbalances in neurotransmitter
homeostasis.8–10 Tricyclic antidepressants (TCAs) are the first
discovered medications targeting hNET and hSERT, but their
broad activities across various other neurotransmitter receptor
systems often lead to severe side effects.11–13 Recently, secondgeneration antidepressants, such as selective serotonin reuptake inhibitors (SSRIs), selective norepinephrine reuptake inhibitors
(NRIs) and serotonin and norepinephrine reuptake inhibitors
(SNRIs),14,15 have been widely applied as the first-line therapy
for major depression.16
Clinical trial treatments suggested that balancing and
regulating the inhibitory activities of hSERT and (or) hNET is
viable for achieving the optimal therapeutic properties for
SSRIs, NRIs and SNRIs,17 which has been used in an increasing
number of personal therapeutic applications.18 It is interesting
that an escitalopram scaﬀold has been developed as a powerful
and privileged probe to explore the inhibitor selectivity to hNET
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Fig. 1 Chemical structures of escitalopram, ligand10 and talopram and their binding aﬃnity (Ki) to hNET and hSERT. The escitalopram scaﬀold shared by
the three ligands is illustrated in green.

and hSERT19,20 (Fig. 1). Escitalopram is one of the most potent
and selective SSRIs.21 Talopram, obtained from subtle modifications
of the escitalopram scaﬀold, turns out to be one of the most potent
and selective NRIs.15 A structure–activity relationship (SAR) study of
the escitalopram scaffold identified ligand10 (numbered in the
work of Andersen et al.19) as a SNRI with nearly equal affinity for
both hNET and hSERT via a slight modification of the escitalopram
scaffold. The uptake-saturation experiments with hNET and hSERT
in the absence or presence of inhibitors indicated that escitalopram,
ligand10 and talopram bound in the central substrate-binding
site (S1) located between transmembrane helices (TM) 1, 3, 6, 8
and 10.19
More recently, the X-ray crystallographic structure of hSERT
in complex with escitalopram revealed that escitalopram locked
hSERT in an outward-open conformation by lodging in the S1
site.22 Additionally, computational simulations shed light on
the poses of inhibitors binding to hSERT and (or) hNET.23
Koldsø et al.24 examined the orientations of the two citalopram
enantiomers in hSERT via induced fit docking from a LeuT-based
homology model.25 Using the crystal structure of the dopamine
transporter from Drosophila melanogaster (dDAT)26 as a template,
Xue and Zheng et al.27–30 constructed hSERT and hNET models
and explored the binding mechanisms of FDA approved SSRIs,
NRIs and SNRIs (including escitalopram and talopram) in their
corresponding targets by molecular dynamics (MD) simulation.
Although considerable efforts have been made, they are inconclusive
to reveal the structural determinates and selectivity of ligands
binding to hNET and (or) hSERT. Thus, a deeper understanding
of the physicochemical basis underlying the binding specificity of
ligands to hNET and hSERT was urgently needed and would
provide great insights into the design of potent single- or dualtarget inhibitors.
One of the most rigorous approaches for addressing this issue
was the long-timescale MD simulation based on protein–ligand

Table 1

binding free energy calculation.31–36 Using MD trajectories,
several approaches can be utilized to calculate the binding free
energy including free energy perturbation (FEP),32–34 thermodynamic integration (TI),37,38 the molecular mechanics (MM)/
3D reference interaction site model (MM/3D-RISM)39 and the
end-state methods such as the molecular mechanics (MM)
combined with the Poisson–Boltzmann or generalized Born
solvation plus surface area correction (MM/PBSA and MM/
GBSA).40–46 Among them, FET, TI and MM/3D-RISM are more
accurate but more computationally demanding. Compared with
these methods, the end-state ones deployed for calculating
binding free energy are characterized by their relative effectiveness
and accuracy.40,47,48 Herein, we started from the X-ray crystal
structure of hSERT in complex with escitalopram22 and employed
all-atom, long-timescale MD simulations followed by the binding
free energy calculation (including MM/GB(PB)SA, thermodynamic
integration and MM/3D-RISM methods), the MM/GBSA per-residue
energy decomposition, molecular interaction fingerprint and
thermodynamics–structure relationship analysis to investigate
and characterize selective inhibition profiles of 3 ligands binding to
their targets. The results shed light on the delicate modifications of
a scaffold conferring its distinct affinity and the residues in S1
affecting the selectivity of drugs for the two closely related
transporters at atomic levels.

Materials and methods
Construction of the studied complexes
To explore the molecular determinates of selective inhibition
of hNET and hSERT by antidepressants, six complexes were
constructed (Table 1), which included hNET and hSERT in
complex with inhibitors escitalopram, ligand10 and talopram
(Fig. 1). The way to construct complexes is described below:

The summary of the simulation systems

Systems

Starting structures

Total atoms

Simulation time (ns)

Talopram-hNET
Escitalopram-hSERT
Ligand10-hNET
Ligand10-hSERT
Talopram-hSERT
Escitalopram-hNET

Talopram docked into hNET
X-ray structure (PDB ID: 5I71)
Ligand10 docked into hNET
Ligand10 docked into hSERT
Talopram docked into hSERT
X-ray structure (5I71) aligned into hNET

96 198
94 874
96 192
95 272
94 876
94 619

500
500
500
500
500
500
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Preparation of protein structures. The crystallographic structure
of hSERT in complex with escitalopram was obtained from the
Protein Data Bank (PDB code: 5I71;22 resolution: 3.15 Å). There
were three mutations (T110A, I91A and T439S) in 5I71, and the
mutagenesis tool in PyMOL49 was used to mutate the structure
back to its native state and then preprocessed by Protein
Preparation Wizard.50 The 3D structure of hNET was built by
the homology modeling approach in Prime51 using the modified
native hSERT structure as a template. The sequence of hNET
was downloaded from UniProt (accession number: P2397552).
Sequence alignments between hNET and hSERT were performed
by ClustalX53 and visualized by ESPript54 (Fig. S1, ESI†). To
evaluate the stereochemical qualities of the modeled hNET,
all-atom contact analysis and high-accuracy Ramachandran
plot analysis were conducted, and rotamer distributions were
calculated using the MolProbity program.55
Docking and optimization of the initial binding pose. The
initial structural complex of escitalopram bound to hNET was
obtained by directly introducing escitalopram from the modified
hSERT-escitalopram complex into the generated hNET homology
model. The complex was then subjected to loop refinement and
energy minimizations (1000 steps steepest descent with backbone constrained). The complexes of ligand10 and talopram
bound to hNET and hSERT were obtained using molecular
docking. Based on the structures of hNET and hSERT in complex
with escitalopram, the grid box was first generated using the
Receptor Grid Generation in Glide56 by centering escitalopram in
hNET and hSERT. Then, ligand10 and talopram were docked into
the defined grid boxes using the standard precision (SP) scoring
algorithm within Glide56 allowing flexible ligand sampling. The
ligands were subjected to LigPrep using the OPLS-2005 force
field57 to generate the low energy conformations, and the ionized
state was realized by Epik58 at a pH value of 7.0  2.0 before
docking. The conformation of escitalopram in hNET or hSERT
was used as a reference for selecting a reasonable binding pose
for ligand10 and talopram, which were involved in the essential
interaction with the corresponding residues shown by previous
mutagenesis studies.59–62 Finally, the binding poses of six complexes
were optimized using Prime58 by considering both the flexibility of
ligands and residues around 6.0 Å of the ligands.
Molecular dynamics simulation
System setup. Six complexes were embedded into the explicit
hydrated POPC membrane bilayer, forming a periodic cell of
each system (96 Å  96 Å  117 Å box) containing B95 000 atoms.
The spatial arrangement of the transmembrane transporter
with respect to the lipid bilayer was predicted using the PPM
web-server.63 The membrane bilayer was generated using
the CHARMM-GUI Membrane Builder,64 maintaining a water
(TIP3P65) thickness of 20.0 Å on the top and bottom of the
protein, including ion concentrations of 0.15 M Na+ and Cl.
The tLEaP tool in AMBER1666 was applied to construct the force
field files and generate the topology and coordinate files for
each system. In particular, the protein and lipid were described
by ﬀ14SB and Lipid14,67 respectively. Ion (Na+ and Cl) parameters for TIP3P water were characterized as Joung/Cheatham
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ion parameters.68,69 The ligand parameters were assigned as
general AMBER force field 2 (gaﬀ2) atom types and the partial
charges were derived from RESP calculation using antechamber.70
Geometry optimization and electrostatic potential calculations for
the ligands were performed at the HF/6-31G* level by Gaussian 09.71
Energy minimization, equilibration and production run. All
simulations were carried out using the AMBER16 suite66 with
GPU-accelerated PMEMD. First, the energetically unfavorable
contacts were removed via two steps. The first energy minimization
step was to apply a harmonic restraint on the lipid and the solute
atom (force constant = 10.0 kcal mol1 Å2) and then to release all
atoms to move freely in the second step. In each step, the full
systems were minimized for 10 000 steps, of which the first
5000 and the remaining steps adopted steepest descent and the
conjugate gradient method, respectively. Second, each system
was heated from 0 to 100 K and then gradually to 310 K with the
protein and lipid restrained over 100 ps in the NVT ensembles.
Third, 5 ns unrestrained equilibrations (10 times) were performed to equilibrate the system’s periodic boundary condition
dimension. Finally, the unrestrained 500 ns production simulation
was carried out for six systems in the NPT ensembles (310 K and
1 atm). The temperature and pressure were controlled using a
Langevin thermostat72 and a Monte Carlo barostat,66 respectively.
The particle-mesh Ewald (PME) method73 was used to handle the
long range electrostatic interactions. The SHAKE algorithm74 was
exploited to keep all bonds (involving hydrogen atoms) rigid. The
time step of the simulation was set as 2.0 fs and a 10.0 Å cutoﬀ was
used for non-bonded interactions.
Analysis of the simulation trajectory. Based on the MD
simulation trajectories of the six systems, the related properties
such as root mean square deviation (RMSD) and the representative
structures along the MD simulations and binding free energy were
analyzed and predicted via cpptraj and mm_pbsa.pl programs
implemented in AMBER16.66 Structure visualization was conducted
in the PyMOL software.49
Binding free energy and per-residue contribution
decomposition analysis
MM/GB(PB)SA method. The binding free energies of ligands
to hNET or hSERT (DGcalc) were obtained via the MM/GB(PB)SA
approach based on the single trajectory. 1000 snapshots
extracted from the last 100 ns trajectory of simulations were
used for energy calculations. For each snapshot, the energy of
ligands binding to hNET or hSERT was computed by eqn (1):
DGcalc = DEvdW + DEele + DGpol + DGapol  TDS

(1)

In eqn (1), DEvdW, DEele, DGpol and DGapol indicate the van der
Waals interaction energy, electrostatic energy, polar solvent
interaction energy (GB75 and PB76 model, igb = 2) and apolar
solvation energy (LCPO model, 0.0072  DSASA),77,78 respectively.
Among them, SASA represents the solvent-accessible surface area
evaluated by augmenting the radii of all atoms using the probe
radius (1.4 Å). TDS is the entropic penalty calculated via a
normal mode analysis79 based on the 10 frames from the last
100 ns trajectory.
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The per-residue energy contribution (DGper-residue
) for
calc
ligands binding to hNET or hSERT was computed in the same
fashion as the binding free energy calculation via MM/GBSA.
= DEper-residue
+ DEper-residue
+ DGper-residue
DGper-residue
calc
vdW
ele
pol
+ DGper-residue
apol
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,
DEper-residue
vdW

DEper-residue
ele

(2)
DGper-residue
pol

and
in eqn (2) are
where
defined with the same meanings as the corresponding terms
in eqn (1). The diﬀerence is that the apolar solvent energy
(DGper-residue
) is modeled by a recursive approximation of a sphere
apol
around an atom starting from an icosahedron (ICOSA).66
Thermodynamic integration calculation
The thermodynamic integration (TI) method has been regarded
as a robust approach to calculate the energy diﬀerence between the
subtle modification of ligands on the basis of MD simulation.37 TI
simulation has also been applied to calculate the relative binding
free energy (DDG) of ligand10 transformed into escitalopram or
talopram in hNET and hSERT. This calculation is shown in
Scheme 1. The values of DDG were computed via three steps
including decharge, vdw-bonded and recharge.80 DG of each step
was calculated via the following eqn (3):

ð1 
@VðlÞ
DG ¼
dl
(3)
@l
0
l
where l is the coupling parameter, V is l coupling potential
function, and the integration limits 0 and 1 represent two diﬀerent
states that correspond to WT (ligand10) and mutations (escitalopram
and talopram). The angle brackets indicate the Boltzmann-weighted
average. The integral in eqn (3) is solved numerically via several
simulations with diﬀerent l window values ranging from 0.0 to
1.0 based on eqn (4):
 
n
X
@V
DG ¼
Wi
(4)
@l li
i¼1
where the values of l and their corresponding weights Wi are
assigned by using the Gaussian quadratic formula. The potential
functions V(0) for l = 0 and V(1) for l = 1 correspond to the WT
(ligand10) and the mutation of the ligand. TI calculation is
performed for each l in 3 steps:80 (1) decharge, charge removal

Scheme 1

from ligand10; (2) vdw-bonded, change of ligand10 into the
mutated ligands (escitalopram and talopram) without electrostatic interaction; (3) recharge, charge addition to the mutated
ligands. During the calculation, the soft-core potential is utilized
only in the second step to deal with the disappearance and
appearance of atoms related to the mutation. The sample space
is characterized by 11 diﬀerent l values (0.0–1.0). For each l
value, three separate 2 ns MD simulations have been carried out
on the WT and the mutated ligands. All of the thermodynamic
integration calculations have been realized in AMBER16.66
Molecular interaction fingerprint analysis
Based on 1000 snapshots extracted from the final 100 ns
simulation, the molecular interaction fingerprints between
the protein and ligand were calculated using IChem81–83 with
the default parameters. For each frame, the calculation zones
of the complex were defined as the regions within 6 Å of the
ligand mass center. During the calculation, seven important
pharmacological properties (including hydrophobic, aromatic,
h-bond donor, h-bond acceptor, positively ionizable, negatively
ionizable and meta) of the atoms of proteins and ligands were
evaluated by parsing atoms and bond connectivity fields.84
The calculated protein–ligand interaction fingerprints of 1000
snapshots were displayed via radar charts.

Results and discussion
Homology model of hNET and the S1 binding site
The recently disclosed crystallographic structure of escitalopram
bound to hSERT (PDB code: 5I7122) was used as a template for
hNET homology modeling. The overall sequence identity between
hNET and hSERT equaled 54% (Fig. S1, ESI†). Quality evaluations
and detailed all-atom contact analyses for the 3D structures of the
hNET model are shown in Fig. S2 (ESI†). As shown, 98.0%
residues in the hNET model were either in favored or allowed
regions of the Ramachandran plot, suggesting that the overall
main and side chain conformations were reasonable. Compared
to the previously reported hNET models built on the basis of
the dDAT structure (PDB code: 4M4885), the model herein was
built taking the protein conformation with ligands bound

Thermodynamic process to perform thermodynamic integration.
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into consideration. In addition, the S1 binding site identity
between hNET and hSERT was 62% (Fig. S1, ESI†) and it was
expected that the hSERT-based model could better represent the
ligand binding state of hNET. Moreover, the studied ligand10
and talopram were derived from the subtle modifications of the
escitalopram scaﬀold (Fig. 1). Thus, both the modified hSERT
and modeled hNET structures provided an appropriate starting
point for investigating the binding of escitalopram, ligand10 and
talopram to their target(s): hNET and hSERT.
Initial poses of escitalopram, ligand10 and talopram
complexed with hNET and hSERT
The initial binding pose of escitalopram in the S1 site of hSERT
was reported in structure 5I71.22 To obtain the binding pose of
escitalopram in the hNET S1 site, the coordinates of escitalopram
in hSERT were directly introduced into the hNET S1 site (Fig. S3,
ESI†). As shown, the positively charged nitrogen of the ligands
formed salt bridges with the negatively charged residue in those
two targets (hNET: D75 and hSERT: D98, both of which played a
crucial role in ligand recognizing hNET or hSERT59). The initial
poses of ligand10 and talopram binding to hNET and hSERT were
predicted by molecular docking. Fig. 2 shows the superimposition
of six initial complexes with escitalopram, ligand10 and talopram
as well as the residues around 6.0 Å of the ligands. It was noted
that the binding site (S1 site) surrounded by TM1, 3, 6, 8 and 10
was composed of three subsites (A, B and C), and the three
subsites accommodated the diﬀerent parts of the ligands
(Fig. 2). The amine group of the ligands occupied subsite A
and formed a salt bridge with the carboxylate of the conserved
D75 for hNET and D98 for hSERT.19,22 F72 in hNET and Y95 in
hSERT may also form a cation-p interaction with the charged
amine group.59 In addition, S318 in hNET (S336 in hSERT)
partnered in an interaction network with the ligands.86–88

Paper

In subsite B, T439 and L443 in hSERT defined a hydrophobic
cavity that participated in the hydrophobic interaction with the
fluorophenyl or phenyl group of the ligands. Similarly, the
fluorophenyl or phenyl group of the ligands was inserted into
the hydrophobic cavity (S420 and A145). In subsite C, the
cyanophthalane formed an edge-to-face interaction with F317
and F323 (hNET) and F335 and F341 (hSERT). V148, Y151,
F317, I481 and F323 in hNET defined mixed surfaces where the
cyan group of escitalopram was inserted. Correspondingly,
I168, I172, Y175, T497 and V501 in hSERT formed a mixed
non-polar/polar surface which accommodated the cyan group
of escitalopram.
In addition, the poses of escitalopram, ligand10 and talopram
demonstrated slight shifts in hNET and hSERT (Fig. 2); however,
the snapshots of the protein and ligand from the crystallographic
and docking methods were stationary and rigid. Fully understanding the key roles of residues in determining selective
inhibition of hNET and hSERT by the ligands was still limited.
Thus, MD simulation was needed to sample the more reasonable
poses from the initial ones, which would reveal the delicately
structural and energetic mechanism underlying the selectivity of
escitalopram, ligand10 and talopram binding to their target(s).
Structure dynamics and binding free energy of the complexes
Simulation stability of the complex. To sample the conformation of protein–ligand interactions, 3 ms long (500 ns for
each complex) MD trajectories were collected. The root-meansquare deviations (RMSDs) of the whole protein, ligand, binding
site (residues around 6.0 Å of ligands), TM domains and loop
for the six complexes relative to the corresponding initial
coordinates were calculated during the entire simulation (Fig. S4,
ESI†). As demonstrated, for all simulated complexes, the average
RMSD value of proteins was equal to B3.0 Å, which was larger

Fig. 2 Structural superimposition of the initial poses of 3 ligands, escitalopram (dark sticks), ligand10 (orange sticks) and talopram (green sticks) in the S1
site of (A) hNET (in blue cartoon) and (B) hSERT (in cyan cartoon). The side chain of residues in hNET and hSERT around the ligands B6.0 Å are shown with
sticks and the residue names and the corresponding transmembrane (TM) domains are labeled. Three subsites in hNET and hSERT are also marked as
Subsite A, Subsite B and Subsite C (in dashed circles), into which the corresponding three moieties of ligands are inserted. The salt bridges between the
ligands and residues (D75 in hNET and D98 in hSERT) are displayed in red dashed lines.
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than that of the ligands (B1.5 Å) and the binding site (B1.0 Å).
The average RMSD value of TM domains was less than 1.5 Å,
while the loop regions underwent relatively larger fluctuations
(2.8–3.5 Å). It is worth noting that the ligands and the binding
site residues in both hNET and hSERT have a similar fluctuation
range along the simulation (Fig. S4, ESI†), indicating that the
ligands and the binding site residues sampled a more reasonable conformation to accommodate each other. Additionally,
compared to TM1, 3, 6, 8 and 10, low fluctuations of the binding
sites suggested that the ligands could stabilize the residues.
Representative snapshots of the complexes. The representative
snapshots of escitalopram, ligand10 and talopram binding to
hNET and hSERT were extracted from the last 100 ns equilibrium
trajectories and were aligned to their corresponding initial poses
(Fig. S5, ESI†). The representative snapshots were extracted via
three steps. First, we calculated the average structures (pseudo
structures) of each complex based on the main chain atoms (CA, C
and N) during the trajectories of the last 100 ns simulations.
Second, the RMSDs of 1000 snapshots extracted every 10 intervals
aligned to the pseudo average structures were calculated and then
ordered based on the RMSD values. Third, the snapshots with the
minimal RMSDs to the average structure were extracted as the
representative snapshots. As shown, there were three key interactions within all of the six complexes. From the initial structures, one of the three key interactions (salt bridge) was
maintained very well. Escitalopram, ligand10 and talopram were
all anchored by the conserved salt bridge between the charged
amine group and the carboxyl of D75 in hNET (Fig. S5A–C, ESI†)
and D98 in hSERT (Fig. S5A 0 –C 0 , ESI†) in subsite A. As for the
other two key interactions, the fluorophenyl or phenyl group of
the ligands was inserted into subsite B, and the cyanophthalane
or phthalane orientated to subsite C. The side chain of the
residues and moieties of the ligands related to the two hydrophobic interactions underwent some conformational changes
(Fig. S5, ESI†), and the calculated RMSD value was B2.0 Å.
Binding free energy of the complex. Herein, three methods
including approximate MM/GB(PB)SA and more rigorous TI
and MM/3D-RISM were utilized to calculate the free energy and
reproduce the experimental free energy of the studied protein–
ligand complex. Firstly, the free energies (DGcalc) of ligands
binding to hNET and hSERT calculated via the MM/GB(PB)SA
method40 are listed in Table 2 and Table S1 (ESI†). Particularly,
the DGGB(PB) values without entropy contributions for the complexes

Table 2

of talopram-hNET, escitalopram-hSERT, ligand10-hNET,
ligand10-hSERT, talopram-hSERT, and escitalopram-hNET were
56.99(57.78), 56.32(56.79), 53.51(56.49), 53.29(57.21),
51.40(53.45) and 50.09(49.64) kcal mol1, respectively. The
corresponding experimental binding free energies (DGexp) of
the six complexes deduced from Ki data19 by using the equation
DGexp = RT In Ki were 10.64, 10.48, 9.05, 8.55, 6.21, and
5.90 kcal mol1. Obviously, the binding free energy values obtained
via both methods were very different compared to the experimental
values. It has been reported that the differences of binding free
energies (DDG) were usually used to evaluate the reproducibility of
DGcalc against DGexp in many cases.27,28,89 The correlation coefficients
(R2) between the calculated and experimental binding free energies
(DDG) were 0.95 and 0.77 (Fig. 3A and B) for the MM/GBSA and MM/
PBSA methods, respectively, which indicated that the former
method was more suitable for the studied systems. This may be
because of the more powerful properties of the MM/GBSA approach
in the correct ranking of ligands with a similar scaffold.41 The value
of the entropic contributions (TDS) was around 21.0 kcal mol1
for similar ligands binding to similar targets hNET and hSERT
(Table 2 and Table S2, ESI†). After adding the entropy contributions
summarized in Table 2 and Table S2 (ESI†), the overestimation of
the calculated binding free energy was significantly reduced but still
inevitable.41 After the addition of the entropy contributions, the
correlation coefficients (R2) between the calculated (DGGB(PB).tot =
DGGB(PB)  TDS) and experimental binding free energies (DGexp)
were 0.93 and 0.79 (Fig. 3A0 and B0 ). It was obvious that the addition
of entropy to the final binding free energy has a slight effect on the
correlation coefficients between the calculated and experimental
binding free energies. It should be noticed that only 10 frames were
extracted to predict the entropy due to the very high computational
demand of the calculation of entropic contributions. Therefore, in
many studies, the entropy contributions were ignored due to their
large computational demand and uncertainty of the calculation.42
The entropic penalty was not taken into consideration for three
main reasons. First, it has been reported that for a series of similar
structures with similar binding conformations,90,91 the entropy
contribution (TDS) for each system may be approximately equal
and the differences between each system could be ignored.90,91
Second, the accurate calculation of (TDS) was computationally
expensive and in many cases, its inclusion did not guarantee better
accuracies in the final energies.41 Third, the relative binding free
energies could be predicted with a reasonable accuracy via the

The calculated and experimental binding free energies of six studied complexes (DG is in kcal mol1 and Ki is in nM)

Systems

DGGBa

DDGGBb

DGPBa

DDGPBb

TDSc

DGGB.totd

DGPB.totd

DGexpe

DDGexpb

Kif

Talopram-hNET
Escitalopram-hSERT
Ligand10-hNET
Ligand10-hSERT
Talopram-hSERT
Escitalopram-hNET

56.99
56.32
53.51
53.29
51.40
50.09

6.90
6.23
3.42
3.20
1.31
0.00

57.78
56.79
56.49
57.21
53.45
49.64

8.14
7.15
6.85
7.57
3.81
0.00

21.18
21.54
21.01
21.28
21.31
20.23

35.81
34.78
-32.50
32.01
30.09
29.86

36.60
35.25
35.48
35.93
32.14
29.41

10.64
10.48
9.05
8.55
6.21
5.90

4.74
4.58
3.15
2.65
0.31
0.00

16
21
233
542
28 108
47 140

a
Calculated MM/GB(PB)SA binding free energies based on 1000 frames in this work. b DDG is defined as the change in binding free energy (DG)
using the system of escitalopram-hNET as a reference. c The estimated entropic penalty based on 10 snapshots from the last 100 ns trajectory.
d
The final binding free energy calculated via the formula, DGGB(PB).tot = DGGB(PB)  TDS. e The estimated binding free energy based on
experimental Ki values by DGexp = RT In(Ki). f Experimental Ki values from the previous study.19
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Fig. 3 The correlation coeﬃcient (R2) between the diﬀerence of the calculated and experimental values (DDG) using (A and A 0 ) MM/GBSA and (B and B 0 )
MM/PBSA methods using the escitalopram-hNET system as a reference. Compared to (A and B), the entropy change (TDS) was taken into consideration
in (A 0 and B 0 ). Calculated binding free energy (DGMM/GB(PB)SA or DGMM/GB(PB)SA  TDS) and experimental binding free energy (DGexp).

MM/GBSA method and it was generally sufficient to rank a
series of small molecules, which was demonstrated by a large
portion of the published studies.92–94 Therefore, taking the
accuracy and effectiveness into account, the binding free energies
calculated without the entropy contribution40 were an effective
routine to predict the pharmaceutical activity of a series of
ligands. With respect to the sampling windows of the binding
free energy calculation, four different simulation windows
(100–200, 200–300, 300–400, and 400–500 ns) have been sampled
to compute the binding free energies and the results are summarized in Table S3 (ESI†). For clarity, the binding free energies were
calculated based on the different simulation windows against the
whole simulations (500 ns) and were presented in Fig. S6 (ESI†). It
was clear that the MM/GBSA method reached the convergence after
500 ns simulation. Therefore, the binding free energies predicted
based on 1000 snapshots from the last 100 ns trajectory (400–500 ns)
had relatively high reliability and accuracy.
Secondly, the relative binding free energies of ligand10
mutated into escitalopram and talopram in hNET and hSERT
via TI calculation are summarized in Table 3 and Table S4
(ESI†). The results indicated the great ability of the TI method
in reproducing the relative experimental free energies (DDGexp).

This journal is © the Owner Societies 2018

As shown, the calculated relative binding free energies (DDGTI)
of ligand10 mutated into escitalopram and talopram were
3.28 and 1.03 kcal mol1 in hNET, and the corresponding
DDGexp were 3.15 and 1.59 kcal mol1. In hSERT, the DDGTI
were 2.04 and 1.57 for ligand10 mutated into escitalopram and
talopram, while the DDGexp were 1.93 and 2.34 kcal mol1.
The correlation coeﬃcient (R2) between the relative binding
free energy (DDG) of the calculated and experimental values
was 0.95 (Fig. S7, ESI†). Thirdly, the MM/3D-RISM method
was employed to calculate the binding free energy of the six
systems and the results were presented in Table S5 (ESI†). The
details about its calculation process could be found in ESI.†
Due to the huge computational demand, only 100 frames from
the last 100 ns trajectory were collected. The MM/3D-RISM
method has been proven to be appropriate in numerous cases,
especially for the solvation of complex systems, such as complex
liquid and electrolyte solutions95 and organic supramolecular96
and biomolecular97 systems in solutions.98 However, as shown
in Table S5 (ESI†), the correlation coeﬃcient (R2) between the
calculated (DDGMM/3D-RISM) and experimental (DDGexp) binding
free energies was calculated and shown in Fig. S8 (ESI†). It indicated
that the calculated binding free energies via MM/3D-RISM method
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Table 3 The calculated and experimental binding free energies of the two
mutations of ligand10 into escitalopram and talopram in hNET and hSERT
(DG is in kcal mol1)

Systems

Mutations

FCKia

DDGexpb

DDGTIc

hNET

Ligand10 - Escitalopram
Ligand10 - Talopram

202
0.07

3.15
1.59

3.28
1.03

hSERT

Ligand10 - Escitalopram
Ligand10 - Talopram

0.04
52

1.93
2.34

2.04
1.57

Published on 31 October 2018. Downloaded by Zhejiang University on 4/24/2020 3:00:40 PM.

a

FCKi indicates the fold change of two ligands based on their Ki values.
DDGexp is the experimental binding free energy based on experimental
Ki values by DDGexp = RT In(FCKi). c DDGTI is the calculated binding
free energy of the two mutation of ligands via the thermodynamic
integration (TI) method.
b

could not reproduce the experimental energies. This may primarily
come from the sampling. With only 100 frames collected from the
last 100 ns trajectory the binding free energy could not be calculated
with relatively high accuracy.
As a result, the calculated free energies using three diﬀerent
methods (MM/GB(PB)SA, TI and MM/3D-RISM) in this study
suggested that TI calculation has a high ability in reproducing
the experimental free energies of drugs escitalopram, ligand10
and talopram binding to hNET or hSERT, while MM/GB(PB)SA
and MM/3D-RISM overestimated the free energies. Interestingly,
both MM/GBSA and TI demonstrated a high correlation coeﬃcient
(R2 = 0.95 and 0.96, respectively) between the calculated and
experimental relative binding free energies (DDG). Considering the
eﬀectiveness and accuracy of the calculated binding free energy,

MM/GBSA per-residue energy decomposition analysis was selected
for further exploring the energetic basis of drugs that selectively
bind to hNET and hSERT.
Molecular determinates underlying the selective inhibition of
hNET and hSERT
Escitalopram, ligand10 and talopram shared a phenyl substituted
phthalane skeleton together with a propyl amine fragment but
exhibited selective inhibition of hNET and hSERT (Fig. 1).
Although their binding aﬃnities for these two targets could be
distinguished by the calculated relative binding free energies, the
molecular determinates for selective inhibition of hNET and hSERT
resulting from the subtle modifications of the escitalopram scaﬀold
need to be further characterized.
The conserved hot spots acting as key recognition motifs in
binding sites. The total binding free energy of each complex
was decomposed at the per-residue level and the residues with
absolute energy contribution 40.50 kcal mol1 are shown in
Fig. 4. As illustrated, there were 20 and 18 key residues for
inhibitors binding to hNET and hSERT, respectively. All these
important residues were located within TM1, 3, 6, 8 and 10 of
hNET and hSERT. Among these important residues, 2 residues
on TM1 (F72 and D75 in hNET, Y95 and D98 in hSERT) and 2
residues on TM3 (V148 and Y152 in hNET, I172 and Y175 in
hSERT) were identified as hot spots (with the absolute energy
contribution values 42.0 kcal mol1).99 In particular, the
conserved aspartic acid in hNET (D75) and hSERT (D98), which
acted as the anchor recognition sites for the ligands and determined whether ligands or chemicals belonged to the targets,100

Fig. 4 Per-residue binding energy decomposition of six systems. (A) The residues with the absolute binding free energy value more than 0.50 kcal mol1
are displayed in 3 hNET systems (escitalopram-hNET in black, ligand10-hNET in orange and talopram-hNET in green), and the transmembrane domains
for these residues are labeled TM1, 3, 6, 8 and 10. (B) The residues with the absolute binding free energy value more than 0.50 kcal mol1 are displayed for
3 hSERT systems (escitalopram-hSERT in black, ligand10-hSERT in orange and talopram-hSERT in green), and the transmembrane domains for these
residues are labeled TM1, 3, 6, 8 and 10.

29520 | Phys. Chem. Chem. Phys., 2018, 20, 29513--29527

This journal is © the Owner Societies 2018

View Article Online

Published on 31 October 2018. Downloaded by Zhejiang University on 4/24/2020 3:00:40 PM.

PCCP

was identified as key residues for ligand binding in a previous
study using the same method.59 Meanwhile, energy contributions
of the aspartic acid varied largely in diﬀerent complexes. For the
hNET bound complex, energy contributions of D75 in hNET to
ligand10 and escitalopram binding were equal to 3.90 and
2.49 kcal mol1, respectively (Fig. 4B). As shown, D98 in
hSERT contributed 3.21 and 5.54 kcal mol1 to the binding
of talopram and escitalopram, respectively. Particularly, D75
in hNET contributed more binding energy for ligand10 and
talopram than for escitalopram, while D98 in hSERT contributed
mostly to the binding of escitalopram. This diﬀerence may be
related to the strength of salt bridges between the carboxyl of D75
and D98 and the charged amine group of the corresponding
inhibitors. Besides, several warm spots (with absolute binding
energy contributions between 0.5 and 2.0 kcal mol1)100 were
identified in the binding site and interacted with diﬀerent
substituted inhibitors. Compared to the hot spots, warm spots
might not be necessarily conserved but may regulate the ligand
aﬃnity to targets and thus aﬀect their selectivity.100 Therefore,
molecular interaction fingerprint analysis was utilized to explore
the role of warm spots in hNET and hSERT in determining the
inhibitors’ selective inhibition.

Paper

The roles of warm spots in hNET and hSERT in determining
inhibitor selectivity. Molecular interaction fingerprints of the
six studied complexes calculated by the last equilibrated 100 ns
trajectories are shown in Fig. 5 and 6, respectively. For the
hNET bound complex, protein–ligand interaction fingerprints
demonstrated that 13 residues (F72, A73, D75, A145, V148,
Y151, Y152, F323, S419, S420, M424, A477 and I481) mainly
participated in 3 interaction types including ionic (salt bridge),
h-bond and hydrophobic interactions with inhibitors (Table S6,
ESI†). Among these residues, the conserved residue D75 interacted
with the positively charged amine groups of all three inhibitors via
ionic and h-bond interactions59,101 and other residues formed
hydrophobic contacts with other parts of inhibitors. The comparison of the protein–ligand interaction fingerprints in Fig. 5
revealed that 7 warm spots (A73, A145, Y151, S420, M424, A477
and I481) in hNET were significantly different for escitalopram,
ligand10 and talopram binding. Particularly, the interactions
between 4 warm spots (A73, Y151, A477 and I481) and talopram
(NRI) were preserved better than those of escitalopram (SSRI)
and ligand10 (SNRI), while the interactions between the other
2 residues (S420 and M424) and escitalopram or ligand10 were
well maintained. Thus, it could be deduced that 4 residues

Fig. 5 The molecular interaction fingerprints between hNET and (A) escitalopram, (B) ligand10 and (C) talopram from the last 100 ns simulations. The
numbers 0–1.0 in the radar chart indicate the probability of interactions between the ligands and a certain residue based on 1000 snapshots extracted
from the last 100 ns simulations. The backbones and side chains of residues and their transmembrane domains are displayed and labeled. The residues
with different interaction fingerprints are underlined in bold. The four subtle modifications of the escitalopram scaffold are circled in solid and dashed
lines. The solid and dashed circles indicate the presence and absence of the corresponding substituents.
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(A73, Y151, A477 and I481), known as warm spots, played a
crucial role in ligand selectivity for hNET. For the hSERT bound
complex, 15 residues mainly engaged in 3 interaction types
including ionic (salt bridge), h-bond and hydrophobic interactions with inhibitors (Table S7, ESI†). Among them, 9 warm
spots (A96, A169, A173, Y175, F335, T439, L443, T497 and V501)
appeared distinct in their interaction with escitalopram,
ligand10 and talopram (Fig. 6). In detail, interactions between
4 warm spots (A96, A173, T439 and L443) with escitalopram and
ligand10 were preserved better than those of talopram. These
revealed that those residues had a pronounced effect on inhibitor
selectivity for hSERT. However, 4 residues (A169, Y175, F335 and
V501) had a minor or no effect on inhibitor binding selectivity
for hSERT.
Previous studies manifested that hot spots may not be the
pivotal points determining the ligand selective inhibition of
protein, instead warm spots may have a significant eﬀect on
that.100 Herein, by combining per-residue binding free energy
calculation and molecular interaction fingerprint analysis, the
warm spots determining the ligand selectivity for hNET and
hSERT were identified and mapped on the transport proteins.

PCCP

As shown in Fig. 7, warm residues identified were mainly
distributed on TM3, 8, and 10 domains, which were consistent
with the spatial location of escitalopram scaﬀold modifications
in the binding sites. Therefore, it is interesting to perform
further thermodynamics–structure relationship analysis to
understand the inhibitors’ specificity for hNET and hSERT by
escitalopram scaffold modifications.
Thermodynamics–structure relationship of the modified
escitalopram scaffold binding to hNET and hSERT. It was
known that the subtle changes on 4 positions (P1–P4) of the
escitalopram scaffold could delicately affect the selectivity for
hNET and hSERT19 (Fig. 1). To reveal the relationship between
the modified escitalopram scaffold and the binding free energy,
a thermodynamics–structure relationship analysis was performed
by displaying modifications as well as the corresponding residues’
energy contribution around the substituent groups in Fig. 8 and 9
for hNET and hSERT bound complexes, respectively. Details of the
residues in hNET and hSERT energy contribution are provided in
Tables S8 and S9 (ESI†).
For hNET bound complexes, the dimethyl group on the
escitalopram scaﬀold (P1) of talopram interacted with hydrophobic

Fig. 6 The molecular interaction fingerprints between hSERT and (A) escitalopram, (B) ligand10 and (C) talopram from the last 100 ns simulations. The
numbers 0–1.0 in the radar chart indicate the probability of interactions between the ligands and a certain residue based on 1000 snapshots extracted
from the last 100 ns simulations. The backbones and side chains of residues and their transmembrane domains are displayed and labeled. The residues
with different interaction fingerprints are underlined in bold. The four subtle modifications of the escitalopram scaffold are circled in solid and dashed
lines. The solid and dashed circles indicate the presence and absence of the corresponding substituents.
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Fig. 7 Schematic description of the identified warm spots determining
selective inhibition of hNET and hSERT by escitalopram scaﬀold modifications.
Residues in hNET and hSERT are represented in grey and black colors,
respectively. The escitalopram scaﬀold is in cyan stick. The residues distributed
on TM3, 8 and 10 represented in bold mark indicate the primary eﬀects on
selective inhibition of the ligands.

residues including F316, F317, G320, F323, A477, and I481
(Fig. 8A). Via hydrophobic interactions, 6 residues contributed
to talopram binding with an energy of 4.79 kcal mol1. The values
for escitalopram and ligand10 were 4.40 and 4.07 kcal mol1,
indicating that the dimethyl group in P1 played a more important

Paper

role in talopram binding to hNET. The P2 of the scaﬀold was
inserted into a polar/apolar mixed subsite composed of one polar
residue (Y151) and four apolar (V148, F317, A477 and I481) residues
(Fig. 8B). Due to the more hydrophobic properties of the subsite as
well as its adjacent dimethyl group in P1, residues around P2
contributed to talopram binding with the highest energy value of
5.42 kcal mol1. Additionally, compared to escitalopram and
ligand10 complexes, the benzene ring of Y151 in the talopram
bound complex rotated about 901, facilitating the hydrophobic
interaction. Compared with the energy contribution to talopram
binding (5.19 kcal mol1), higher values for both escitalopram
and ligand10 (6.22 and 6.52 kcal mol1) suggested that the
introduction of fluorine (–F) to benzene in P3 was capable of
enhancing the binding affinity of inhibitors to hNET (Fig. 8C). In
terms of P4, the amine group interacted with the subsite formed by
residues F72, A73, D75, S318, G420 and S419 (Fig. 8D). The formed
tertiary group engaged in a salt bridge with the carboxyl of D75.
Among the 6 residues, F72 and D75 were identified as hot spots in
the previous section. Together with other 4 residues, they made
contributions to escitalopram, ligand10 and talopram with energy
values of 8.68, 12.01 and 11.62 kcal mol1, respectively.
For hSERT bound complexes, the energies of residues (F335,
G338 and F341) around P1 contributing to escitalopram, ligand10
and talopram binding were 2.86, 3.03 and 3.28 kcal mol1
(Fig. 9A), revealing that the attachment of a dimethyl group to P1
could slightly enhance the inhibitors’ interaction with hSERT.
However, more residues of hNET (F316, F317, G320, F323, A477
and I481) around P1 (Fig. 8A), and the introduction of a dimethyl
group to P1 could be more beneficial to improve the inhibitor
binding aﬃnity for hNET. For P2 (Fig. 9B), escitalopram obtained

Fig. 8 Thermodynamics–structure relationships of escitalopram scaffold modifications binding to hNET. (A) P1 position modification of the escitalopram
scaffold as well as the total binding free energies (DG) contributed by the six residues (F316, F317, G320, F323, A477 and I481) surrounding P1. (B) P2
position modification of the escitalopram scaffold as well as the total binding free energies (DG) contributed by the five residues (V148, Y151, F317, A477
and I481) surrounding P2. (C) P3 position modification of the escitalopram scaffold as well as the total binding free energies (DG) contributed by the five
residues (A145, V148, G149, S420 and G423) surrounding P3. (D) P4 position modification of the escitalopram scaffold as well as the total binding free
energies (DG) contributed by the six residues (F72, A73, D75, S318, G320 and S429) surrounding P4. The four structural modification positions P1, P2, P3
and P4 are marked as a yellow background. The representative structures of escitalopram-hNET (in grey stick), ligand10-hNET (in pale orange stick) and
talopram-hNET (in light green stick) are extracted from the last 100 ns trajectories. The backbones and side chains of residues and their transmembrane
domains are depicted and labeled.
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Fig. 9 Thermodynamics–structure relationships of the escitalopram scaffold modifications binding to hSERT. (A) P1 position modification of the
escitalopram scaffold as well as the total binding free energies (DG) contributed by the three residues (F335, S338 and F341) surrounding P1. (B) P2
position modification of the escitalopram scaffold as well as the total binding free energies (DG) contributed by the five residues (I172, Y175, F335, T497
and V501) surrounding P2. (C) P3 position modification of the escitalopram scaffold as well as the total binding free energies (DG) contributed by the five
residues (A169, A173, G442, T439 and L443) surrounding P3. (D) P4 position modification of the escitalopram scaffold as well as the total binding free
energies (DG) contributed by the five residues (Y95, A96, D98, S336 and S438) surrounding P4. The four structural modification positions P1, P2, P3 and
P4 are marked as a yellow background. The representative structures of escitalopram-hSERT (in black stick), ligand10-hSERT (in orange stick) and
talopram-hSERT (in green stick) are extracted from the last 100 ns trajectories. The backbones and side chains of residues and their transmembrane
domains are depicted and labeled.

the highest energy (5.73 kcal mol1) from residues (I172, Y175,
F335, T497 and V501). It was clear that, besides the hydrophobic
interaction between the phenyl group and I172, Y175 and V501,
the substituted cyan group (–CN) of escitalopram fitted well with
polar residues Y175 and T497 (Fig. 9B). For P3, the introduction
of fluorine (–F) to the benzene ring made the inhibitor establish a
stronger interaction with the residues around P3 (Fig. 9C) and
it was confirmed by relatively larger energy values of residues
(A169, A173, G442, T439 and L443) contributing to escitalopram
(4.27 kcal mol1), ligand10 (3.91 kcal mol1) and talopram
(2.57 kcal mol1) binding in hSERT. In Fig. 9D, the tertiary
amine in escitalopram participated in a salt bridge with the
carboxyl of D98 and the residues (A96, Y95, D98, S336, G338,
S438) collectively contributed to this moiety with the highest energy
(14.09 kcal mol1), while the contribution to the second amine of
ligand10 and talopram was 13.32 and 11.41 kcal mol1.
The above thermodynamics–structure relationship demonstrated
that the subtle changes on the P1–P4 of the escitalopram scaffold
obtained different binding free energy contributions from subsite
residues of the target, which to a certain level quantitatively reflected
the selective inhibition of hNET and hSERT by escitalopram scaffold
modifications. Moreover, based on the thermodynamics–structure
relationship analysis, some general insight can be summarized for
selective inhibition of hNET and hSERT. For hNET, (i) the dimethyl
group substituted at P1 of the escitalopram scaffold tended to
exhibit more hNET inhibitory activity; (ii) the cyan group at P2 of
the scaffold was not favorable for hNET inhibitory activity, while it
was inclined to display hSERT inhibitory activity; (iii) fluorine
attached to P3 of the benzene ring may enhance the ligand affinity
for hNET; (iv) the second amine group at P4 was preferable to tertiary
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amine in hNET. For hSERT, (i) the dimethyl group attached to P1 of
the scaffold could improve the ligand affinity for hSERT but result in
higher affinity for hNET; (ii) the cyan group at P2 was more
facilitated to enhance the ligand affinity for hSERT; (iii) the fluorine
attached to the P3 of the benzene ring could also enhance the ligand
affinity for hSERT; (iv) the tertiary amine group was inclined to
exhibit higher affinity for hSERT.

Conclusions
In this study, three ligands (escitalopram, ligand10 and talopram)
were adopted as probes to investigate the selective inhibition of
hNET and hSERT. Computational methods such as homology
modeling, molecular docking and MD simulations, followed by
free energy calculations, molecular interaction fingerprints and
thermodynamics–structure relationship analysis were integrated
to investigate selective inhibition of hNET and hSERT. The
calculated free energies using three different methods (MM/
GB(PB)SA, TI and MM/3D-RISM) suggested that TI calculation
has a high capacity of reproducing the experimental free energies
of escitalopram, ligand10 and talopram binding to hNET or
hSERT, while MM/GB(PB)SA and MM/3D-RISM overestimated
the binding free energy. Among them, the MM/GBSA method
has the advantages of relative accuracy and efficiency. As a result,
4 warm spots (A73, Y151, A477 and I481) in hNET and 4 warm
spots (A96, A173, T439 and L443) in hSERT had a pronounced
effect on the ligand selectivity. These simulation results would
shed light on the residues affecting inhibitor selectivity in these
two highly similar transporters, providing great insight into the
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design of inhibitors with the desired selectivity to hNET and
hSERT and further promoting the research of more efficacious
antidepressants.
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